Abstract: This paper reports on the findings of a research project that had the objective to build a decision support system to categorise customer and service advisor (CSA) within customer contact centre (CCC) environment. We provide the methodology to develop a fuzzy expert system which assigns a new customer or advisor to the pre-defined categories. Categorising of customer and service advisor based on behavioural, demographic and experience variables, was one of the core objectives of the study. In the paper the process of building such a model which categorise customer and advisor through soft computing techniques is described. The behavioural aspects of customer and advisor are not an exhaustive list; but the authors own findings from the case studies at the contact centres. The reported findings and results are very promising, making the proposed model a useful tool in the decision making process, while some of the discussed problems and limitations are of interest to researchers who intend to use soft computing based approaches in other similar real life problems. The framework allows the managers within contact centres to understand the behavioural segments of customers and advisors (CSA) working at the centre and to provide information which would enable them to deliver better customer satisfaction.
I. Introduction
Customer Contact Centres (CCC) and other service industries, often suffer from the problem of high staff turnover and lack of trained staff at the right place for the right kind of customer. The three features of contact centre operations that are crucial to service quality are (a) convenience in fast call handling, (b) cordiality of the advisor, and (c) consistency in advisors [1] . Customer satisfaction may in addition be based on another three dimensions: access, including the advisors communication skills; timeliness, including advisors resolution of queries; and quality, which includes the accuracy, consistency and comprehensiveness of the advisors advice, in addition to the knowledge and politeness of the advisors. Thus the role of the advisors, assumes a heightened importance in customer satisfaction [2] . The advisor/customer relationship can not only be considered critical but sensitive too; for instance there is evidence to suggest that positive employee attitudes appear to be linked to increased customer satisfaction [3] . A model, capable of categorising customer and advisor on behavioural, demographic and experience variables can be a useful decision support tool for a service providing company. Through the proposed methodology for categorisation that incorporates behavioural attributes along with demographic and experience, the authors have demonstrated a way which can help to identify the right amount of information which can enable the advisor to deal with the customer more efficiently and thus providing better customer satisfaction.
II. Related Research
Service industries have witnessed the widespread use of contact centres in the front of customer service management. In service industries such as hotels, insurance, banking, retail, etc; companies are increasingly paying more attention to customer contact employees to achieve the desired profit and market share goals. Companies are now adopting a people oriented approach as compared to a profit oriented approach [4] . In customer contact businesses, the quality of service delivered cannot be separated from the quality of the service provider. Because service delivery occurs through human interaction, customer service advisor during the service encounter largely determine the level of service quality delivered [5] . The most urgent questions facing most businesses that believe in caring about their customers revolve around (a) what is great service? (b) How can they provide it? (c) How do they get better? [6] . The integration of customer contact centres in daily organizational operations is expected to affect almost all aspects of society from the private sector to government. A Contact Centre can be defined as an internal or outsourced operation largely based on telecommunication and data supports whose primary role is to provide one or many relationship channels for customers, clients, or suppliers (figure 1) [44] . It is critical for companies to identify the need to offer a superior service in order to ensure business survival in a service sector economy [7] . The modern contact centre enables the organization to create a two-way dialogue with their customers [8] . Historically the change within organizations has meant a focus on cost reduction [9] . Cost reduction with stable customer satisfaction has become the priority for organisations [10] . Understanding the customer's capabilities and needs is a necessity when transitioning to a multi-channel environment. 
A. Customer and Advisor (CSA) Categorisation
In contact centres, customer contact employees (i.e. those employees who interact directly with customers over the phone) are called "customer service advisors (CSA's) [4] . CSA's are important for service organisation to provide a link between the external customer and internal operations of the organisation [11] . Although research suggests that CSA's performance is critical to create customer satisfaction, little has been done to analyse which CSA behaviours influence customer encounter satisfaction and which behaviours influence relationship satisfaction [12] . There are five dimensions of CSA's behaviour that influence customer's perceptions mainly; mutual understanding, authenticity, extra attention, competence, and meeting minimum standards [13] . It also showed that advisors attitudinal and behavioural responses can positively and negatively affect customer's perceptions of the service encounter and their judgments of service quality [14] . Many telecoms service operators are subjected to failures in service delivery and better customer satisfaction values because they much depend on CSA to deliver service to their customers. Because of the delivery of the service occurs during the interaction between contact advisors and customers, the attitudes and behaviours of advisors can influence customer's perceptions of the services [14] . As such, this technological change is not simply transforming the methods by which the organization operates, but is impacting the level of skill and education required by both CSA's and management within the contact centre environment. As part of the CRM process, CSA's are increasingly required to identify and act upon cross-selling and up-selling opportunities [15] .
The development and widespread use of the Internet for communication and commerce is creating a skills gap within the modern contact centre. There is not enough focus and attention given to the training of CSA's in the area of Internet related support [16] . The loss of an experienced CSA can now be viewed as a major blow to the organization, even more so if they are hired away to a competitor. There is another thought that believes that modern contact centre technologies will reduce the necessity to hire technologically advanced CSA's [17] . Experts we interviewed suggested that as long as CSA's possess good interpersonal skills and are friendly, then screen pops, etc. -should provide them with automated responses to effectively handle inquiries. Understanding and adapting to changes of customer behaviour is an important aspect of surviving in a continuously changing environment [18] . It is necessary to understand individual customers from all levels to enable the advisor to help them more efficiently and thus providing better customer satisfaction. Customer choice of a product depends on explicit requirements, implicit requirements, available options and latent requirements implied by the product [19] . Application of the technologies in contact centre plays an important role in accessing more customers and providing better service quality [5] . As suggested in [20] modeling the users can include statements of how the users within a specific user group behave in certain situations or perform certain functions.
B. Soft Computing Techniques
Soft computing differs from hard (conventional) computing in that it is tolerant of imprecision, uncertainty and partial truth [21] . For all the available research been carried out in fuzzy logic and the development of fuzzy expert system for customer modelling, little has been done to categorise the advisor (CSA) within the contact centre domain. Since the expert knowledge captured in If…Then statements is often not naturally true or false, fuzzy sets afford representation of the knowledge in a smaller number of rules, and smooth mapping can be obtained between input and output data [22] . Soft computing technologies provide an approximate solution to an ill defined problem and can create user models in an environment such as contact centre to identify: (a) customer willingness to buy (b) companies prediction towards customer purchase intentions (c) advisor reaction towards customer attitude and (d) customer behaviour towards advisors communication [23] . The elements that a user model captures (goals, plans, preferences, common characteristics of users) can exploit the ability of soft computing of mixing different behaviour and capturing human decision processes in order to implement a system that is more flexible in relation to user interests.
The goal of fuzzy expert system is to take in subjective, partially true facts that are randomly distributed over a sample space, and build a knowledge based ES that will apply to them certain amount of reasoning and aggregation strategies to produce useful decisions. Mamdani's fuzzy inference method is the most commonly seen fuzzy methodology. Classification is a most important and frequently used technique in data mining. It is a process of finding a set of models that describe and distinguish data classes or concepts. Clustering is a method of combining objects that are some how similar in characteristics and to provide a grouping of similar records. Fuzzy clustering contains two very different areas: (a) the analysis of fuzzy data and (b) the analysis of the crisp data with the help of fuzzy techniques. Fuzzy clustering utilizes fuzzy partitioning to group data such that any given data sample is allowed to belong to several groups with different degrees of similarity bounded within the range of 0 and 1. With two -step cluster analysis, it groups observations into clusters based on a nearness criterion. Two step clustering is more suitable for cases with less number of data points, but it is limited to crisp cluster boundaries. Two step clusters requires only one data pass in the procedure -it passes the data once to find cluster centres (pre cluster stage) and to assign cluster memberships [24] .
Soft computing enables solutions to be obtained for problems that have not been able to be solved satisfactorily by hard computing methods [25] [26] . Typically FL has been used to implement applications that are based on a recommendation task. In these applications FL provides the ability of mixing different user preferences and profiles that are satisfied to a certain degree. FL has been used to implement recommendation tasks [27] , where fuzzy inference is used for recommendation purposes using user profiles obtained with hierarchical unsupervised clustering. Better communication can be attained through fuzzy logic because of its ability to utilise natural languages in the form of linguistic variables [28] .
In [29] fuzzy logic was used to model user behavior and give recommendation using this fuzzy behavior model. A system designed to recommend products in an e-commerce site, according to how well this product satisfies user preferences is presented in [3] . Traditionally, NNs have been used for classification and recommendation in order to group together users with the same characteristics and create profiles [30] [31] .
NNs have also been used for recommendation, which predicts the next step for a given user trajectory in a virtual environment [32] and in [33] which models student behavior for an intelligent tutoring system. In general GAs have been used for Recommendation in the form of rules, which can capture user goals and preferences, because they perform a global search and cope better with attribute interaction than algorithms used in data mining, where the search is more local [34] [35] . Decision trees have been used to predict insolvencies in such a way that this prediction can be operationally useful for the decision support process of the telecommunications business handling customer insolvency [36] . Fuzzy clustering processes can be appropriate for grouping users in classes by navigational behaviour. Information in user profiles can be used to customise and identify a user with a social group, done by assigning a general profile related to preferences shown by the user [37] .
The combination of NN and fuzzy sets offers a powerful method to model human behavior which allows NFS to be used for a variety of tasks. A Neuro-fuzzy system for modelling human operator behaviour in computer generated forces is represented in [38] . The advantages of soft computing techniques over conventional production rule based expert systems may be characterised as follows: (a) fuzzy sets symbolise natural language terms used by experts; (b) since the expert knowledge captured in "If….Then" statements is often not naturally true or false, fuzzy sets afford representation of the knowledge in a smaller number of rules; and (c) smooth mapping can be obtained between input and output data [23] .
III. Current Practice
Within the current contact centre environment there is a problem of high staff turnover and lack of trained staff at the right place for the right kind of customer. Business needs to assign any available advisor to a customer and provide consistent and good quality of service. There is a need to identify the right amount of information to be displayed on the screen considering both the customer and the assigned advisor background. The key observations and findings are shown below. The technical issues encountered during the visits to the centres are as discussed in table (1) [39] . For the purpose of the project, the authors organised visits to three customer contact centres (CCC) in order to understand the current and overall operations of the contact centre environment. The data and information collected from these centres were captured, understood and combined with current information obtained from the literature and, were used to identify the categorisation for customer and advisor.
The main objectives were (a) Identify the current understanding of the customer contact centre environment, its overall operation and working (b) Identify the current bottlenecks into the systems process and for using the different customer -advisor characterisation procedures.
A total of five centre managers with around 20 different advisors were interviewed through semi-structured questionnaire. The primary key targets for the centres noticed by the authors were mainly the time the advisor spent offline (transferring calls, looking for information). Call times sometime takes up about minimum of 2 minutes and maximum of 12 minutes. Call Handling Time is the effective time; the advisor spends on calls with the customers. The findings showed that there was a high turn over of CSA and it was necessary to allocate the first available advisor to the customer and then provide the advisor with relevant information.
IV. Proposed Methodology
The proposed research methodology of this work was to categorise customer and advisors within contact centre environment with the use of soft computing techniques. The model was developed to assign any customer or advisor within contact centre environment to a pre-determined category. Once the identification of the type of customer and advisor is known; it would enable to identify the type of information the system should display to the advisor based on the combination of {customer, advisor} which would enable them to service the customer more efficiently thus providing better customer satisfaction. A fuzzy set allows for the degree of membership of an item in a set to be any real number between 0 and 1, this allows human observations, expressions and expertise to be modeled more closely [40] [41]. Table 1 . List of major concerns observed in the contact centre [39] .
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The steps followed for the categorisation of customer and advisors are shown in figure (2) and explained later in the paper. 
A. Data Collection
Data was collected with the help of semi-structured questionnaires for advisors (CSA) and team leaders/managers with respect to their demographic variables, experience and behavioural variables within five customer contact centre focusing on fault and sales and looking on single to multi profile business customers. A total of 84 advisors were interviewed and assessed, 60 customer calls were monitored, and total of 19 team leaders and managers were interviewed through the questionnaires. Based on the information which was provided from the team leader, the authors then identified the types of advisors which were going to be used for monitoring and observation on the basis of few important attributes such as; Age Group & Gender, Experience within the company, Education background, and Attitudes (positive and negative). The key observations which the authors noticed for the data collection were advisors characteristics and customer observations (voice). The data was collected through observation by the authors and was verified by the advisors at the contact centres. The variables which were used for the questionnaire were from the literature studies, and also verified with expert judgments of the team leaders at the contact centre. The set of criteria used for advisor data collection are as shown in table (2). Table 2 . Advisor and Customer categorisation criteria's.
The author carried out the check list of the following criteria and attributes of the advisor during the monitoring process and was later verified with the advisors and the team leaders respectively. For customer data collection, the collection was done on the basis of the information provided on the screen of the advisor when the call conversation was in progress, and also the author's monitoring to the calls to identify the behavioural aspect of the customer, before the call and once the call was finished. Once the collection was made, it was later verified with the advisors and the team leaders on their knowledge towards the customer attitude within the CC environment. The criteria and attributes used for customer during the monitoring process are as shown in table (2) .
B. Clustering Analysis -Identification of customer and advisor categorisation
The decision to use clustering techniques in this study is based on the observations that contact centre companies collect high volumes of data which are of different aspects of interactions between the company and its customers. A comparative study was carried out which highlighted the usefulness of the use of clustering analysis for this study [42] . 
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Based on the data collection and analysis of data; attributes derived for customer and advisor are as follows (1) Customer -age, education, financial status, time with company, business value and behavioural analysis (2) Advisor -age, education, experience, previous experience, IT speed, and behavioural analysis The final set of attributes used for customer and advisor (CSA) for the clustering analysis to derive the categories are as shown in table (3) [43] [44] . Once the data was collected and analysed it was verified with the team leaders and managers within the contact centres. Based on the verification the data was structured and analysed using data analysis tool. Through the data analysis tool, the customers and advisor were then grouped according to the attributes shared among each other. The next stage for the development was to identify the categories for customers and advisors through the process of clustering analysis. This section shows the method followed for identification of customer and advisor categorisation through clustering analysis by using two -step process within SPSS analysis.
The set of advisor categories derived from the clustering analysis is as shown below in table (4) . Six advisor categories (A1-A6) were derived out of the 84 data sets for the advisors [43] . Based on the data structuring from the case studies, data set was designed with 60 samples of customer records and 84 samples (cases) of agents (CSA's). Ten different types of experiments were carried out within the two step cluster analysis method ranging from automatic clustering to a maximum of 10 clusters within SPSS. Based on the clustering few results were noted which were (1) Because of the number of clusters increased from 6-10, the total number of cases each cluster is taking is not properly distributed (2) The number of people (customers and agents) in each cluster is too low for making it a significant cluster (3) The rules derived from the cluster results are repeated and are too close to each other. The set of categories derived for customer from the clustering analysis is as shown below in table (5) [43] . The categories derived for customer and service advisor (CSA) are to be used for further development of the system which would determine the type of customer and service advisor for a given set of data. Once the identification of the customer and advisor is derived; it would enable the system to identify the type of customer and the advisor to provide with the information based on the following combination.
C. Development of Fuzzy Expert System
This section discusses the steps followed for the development of the fuzzy expert system for customer and CSA categorisation. Fuzzy expert system was developed by using Matlab Fuzzy Logic Toolbox to assign any customer and advisor to that of pre-defined category which was derived from the clustering analysis. On the basis of the expert system, the authors can determine the type of category the customer and the advisors are given which would enable to identify the categorisation of the customer and the advisor. Once the assignment of the category is done, it would enable the model to identify the type of information which is required to be displayed on the screen of the advisor to enable them to help the customer more efficiently and thus providing better customer satisfaction.
Step 1 -Identify the critical factors and define membership functions and fuzzy sets
The first step of the process involved the combination of a list of critical factors based on the literature review and indepth interviews with the advisor, team leaders, centre managers and systems expert within the environment. The critical factors were the input variables of the fuzzy ES which were as age, education, and financial background, time with the company, business value and behaviours which would identify the type of category they belong to. The development of the model was done by authors own understanding of the current contact centre environment and from the literature studies. Once the selection was done and the model was developed, it was validated with expert judgment from the team leaders at the centre through nine team leaders and managers at three of the case study contact centres. Each linguistic term is defined by a membership function which helps to take the crisp input values and transform them into degree of membership. Triangular and trapezoidal types of membership function are selected to define the variables as shown in figure (3) [43] [44] . 
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Step 2 -Construct the Fuzzy Rules Within the fuzzy expert system model once the membership functions of the input and output variables for customers and advisors were derived, fuzzy if…then rule were written which identified the type of input for customers and advisors. The rule base specifies qualitatively how the output of the system "Category" for the advisor and the customer is determined for various instances of the input variables. The variables are age, education, financial status, time with company, business value, experience, and behavioral attributes. A total of forty-five rules were derived within the expert system. A sample of the rules derived for the fuzzy logic expert system are shown below and explained as below. The rules for advisors were selected from the understanding of the advisor input attributes and the results from the clustering analysis are explained: IF age is young, education is school, experience is novice, previous exp is low, IT speed is slow, positive behaviour as friendly and negative behaviour as unaware THEN the selected category is A1 as shown in table (6) .
If…Then rules for customer were derived similarly to that of the advisors within the fuzzy expert system model. Some of the rules derived for the system are as explained: IF age is young, education is school, financial status is poor, time with company is low, business value is low, positive behaviour is none and negative behaviour is aggressive THEN the category selected is C1 (table 7) .
D. Validation of Fuzzy Expert System
With respect to the model, the authors carried out experiments with the fuzzy expert system model by changing the input variable values and monitoring the change in the output which showed the change in the category for customer and advisors. The results which we analysed are the set of new data points from sampling for customer and advisors (table 8 and 9 ). The results derived from the experiments carried out within the expert system model were validated within the contact centre environment with the team leaders and managers.
Advisors Experimental Examples
This section highlights the experimental examples which were carried out within the fuzzy expert system model to assign the customer and advisor to that of the pre-defined category from the clustering analysis. Experiment 5 and 7 shown below are the ones which were different during the validation process. 
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Then Advisor Category output is 26.1 which determine that the category for advisor is A6. For example, the input values in the first experiment is for age=21.5, and from our membership functions it justifies that the input variable for age is young; education=12=college, experience=5=5-10 yrs, previous exp=1.8=low, IT Speed=1.5=slow, positive behaviour=5.5=friendly.
As shown above in table (8) the CC validation shows the results from the validation carried out with the team leader's expert judgment at the contact centre.
Customer Experimental Examples
The customer experimental results from the expert system, which differ during the validation process, are discussed as below and shown in table (9) . Based on the model, the authors identified that the results derived from the model, assigned a customer with the predetermined category which were derived from the clustering. These results were also validated with the team leaders at the contact centre to verify that the given selection of the predetermined categories for customer was properly justified.
V. Validation
The information and the results from the model were verified through team leaders and managers at three of the contact centres where the case studies were carried out. A total of nine team leaders and managers were interviewed with the help of an open set questionnaire, showing the categories derived and the assignment of a particular customer or advisor to these categories through the help of the fuzzy expert system tool developed. From the validation, it was noticed that the expert judgment did correspond to that of the results from the expert system model framework for 80% of the overall experiments that were carried out. The experimental results in table (8) and (9) shows the assignment of a particular customer and advisor to the categories which were derived from clustering. Based on experiment 5, the expert system assigned category A5 to the advisor. However from validation with team leaders it revealed that the category should be A4. On the basis of the validation the changes were made with respect to behavioural attributes from friendly behaviour to customer focus behaviour. Experiment 7 revels that the expert system assigned category A6, which on further validation with team leaders at the contact centres fall into A2 category. The reasons for this swift change in selection of category were due to:
a. Education level to be high. b. Positive behaviour to be attentive. c. Less amount of negative behaviour. 
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The rules were fine tuned to predict A2 category and share characteristics of that category. For customer categorisation, the results from the expert system for experiment 6 and 7 did not match that to the validation from the team leaders at CC (table 9) . Necessary modifications were carried out within the expert system to assign a category to customer to match with the validation results from the team leaders. As seen in experiment 6, the changes made were education level was changed from graduate to college level to assign customer with C6 category. Experiment 7 revealed that expert system assigned C6 category which on further validation fall into C4 category. The changes made within the expert system were: a. Customer time within company. b. Positive attitude towards the advisor and c. Less amount of negative attitude shown from the customer.
VI. Discussions and Future Research
This paper reports on a long term research project that was set to investigate the feasibility of soft computing techniques for categorising customer and advisors with specific application in the contact centre sector. However, the findings can have implications far beyond this specific case study. The reported results are considered significant for a number of reasons. Firstly, the study involved a real life problem. This means that the data used, the requirements and objectives set and the scale of the experiment corresponds to a real problem, as defined by a major telecommunications operator. Since modern telecommunication companies have similar characteristics in terms of services provided to their customers, databases and information systems design for monitoring customer characteristics used, the findings of the experiment are applicable to other sectors of service industry. Secondly, throughout this study, it was recognised that domain experts were continuously providing expertise and intuition by directing and pointing to the matters that were important for the company and its customers. It was also shown that the original steps of the process required a mixture of tools and experts intuition, relating to the problem of defining the data set and selection of variables describing the required modelling features.
Further research should develop a framework to map customer and advisor behavioural and demographic information directly to the type of information required to be presented on the screen; rather than a fixed template based approach. This paper is focused on the development of customer and advisor (CSA) categorisation within contact centre environment. A fuzzy expert system was developed to assign any customer or advisor to that of the pre-determined category from the clustering analysis. The results showed the assignment from the expert system for the categorisation of the customer and advisor which was validated with the team leaders at the case study contact centres. The proposed methodology can be applied in contact centre environment to minimise the problems of information overload, right amount of information at the right time, retention of advisors, and customer satisfaction through speed of response.
Finally an interesting discussion concerns the degree to which the study can be generalised and reused in other problems in service industry. Some of the findings and specific techniques used are of general value such as the clustering approach used for customer and advisors and the discussion on the use of soft computing based approach to assign each customer and advisor to a pre-defined category.
More specifically, a large area of problems related to the identification of information and categorisation of customer in the service industry. They bear many similar characteristics to the one described here, and can be based on very similar process, where apart from the initial stages of problem definition and original variables selection, the rest of the process can be repeated. Also for the specific problem of behavioural modelling of customer and advisor within contact centres, the methodology described in the paper can be reused, except of definition of the advisor data. A data mining tool to handle such exception of data can be used as one of the objective for further research.
